ABSTRACT The data envelopment analysis (DEA) treats decision-making units (DMUs) as black boxes: there is an unknown internal structure and transformation mechanism of input to output. Two-stage models have been proposed to resolve this problem by considering the internal structure of DMUs. However, each DMU has a different structure, and in two-stage models, the poor estimation of sub-models causes conflicts in the intermediate layer. Therefore, it is necessary to use additional tools to extract insight into opportunities to enhance the performance of DMUs. This paper presents a three-stage model employing DEA to evaluate efficiency, a Tobit regression model to identify the determinants, and a neural network (NN) to improve those determinants. Improvement in the determinants of a DMU enhances its efficiency. The developed model is applied to the empirical dataset of commercial banks from the countries that have joined the belt and road initiative (BRI), grouping them based on their economist intelligence unit (EIU) rating. The results provide valuable information on the efficiency enhancement process for banks to benefit from the BRI.
I. INTRODUCTION
An efficient banking system is important for a country to achieve sustainable economic growth [1] . The efficiency of banks is evaluated to determine their future development and enhance their competitiveness.
The efficiency evaluation explores the internal structure of banks, examines their operational performance, and identifies the specific reasons for any inefficiency [2] . The efficiency and productivity of banks is widely studied in [3] and [4] . A non parametric approaches called the data envelopment analysis (DEA) [5] is considered as an appropriate tool to assess the performance of the banking system as The associate editor coordinating the review of this manuscript and approving it for publication was Roberto Nardone.
it is not required any explicit relationships between multiple inputs and outputs [6] - [8] . However, DEA models treat a decision making unit (DMU) as a ''black box'' process taking into account only the inputs and outputs without considering their transformation mechanism and internal structure.
To overcome this problem researcher consider the internal structure and developed two-stage models. A two-stage DEA approach was first introduced by Seiford and Zhu [9] , establishing the link between initial inputs and final outputs through intermediate elements. Researchers have reported potential improvement and usage of two-stage DEA with practical applications [10] - [14] . However, the structure of two-stage models allows potential conflicts during the optimization process: the first stage increased the outputs and the second stage decrease the inputs. The most important point to consider in developing two-stage models is the coordination between subprocess [12] , [14] - [17] . An optimal model to streamline the intermediate variables looks sound mathematically but it becomes controversial when it is practically applied [18] . To avoid misalignment, Kao and Hwang [16] , [17] proposed an input-oriented model for the first stage and an output-oriented model for the second stage Any inconsistency in the intermediate variables can break relations between the two-stages. Namely, the same paper classify two-stage as independent, connected, and relational model depending on arrangement of subprocess for efficiency measurement.
The literature also consists two-stage DEA regression models which has been widely used [19] , as DEA itself is not enough to drive a conclusion. In this approach the efficiency scores are estimated in the first stage using DEA and simply regressed on independent environmental variables [20] - [22] . The Tobit regression model [23] and Ordinary Least Squares (OLS) regressions are the simplest and most common methods to evaluate the linear correlation between the DEA efficiency scores and environmental variables. The statistical evidence of Tobit regression model is intuitive for policy makers. The two-stage DEA-Tobit regression models identify the relationship of the internal and external factors with efficiency [24] - [29] . Numerous studies have used DEA-Tobit regression model to identify the determinants of banks' efficiency [30] - [32] . According to [33] , the two-stage approach has the following drawbacks. First, the environmental variables used in the Tobit regression models probably correlate with the DEA efficiency scores, which leads to the problem of inconsistency of the estimators. Second, a problem may arise due to the selection of the sample from DMUs [34] . To overcome the inconsistency problem, Simar and Wilson [33] propose the bootstrap procedure. This procedure is based on a number of assumption about the data generation process [35] . In our case, we are using Tobit regression model because we are not faced with the problem of sample selection since we are using complete data.
Another model is two-stage DEA-NN approach, which is derived by the integration of DEA and neural network (NN) to evaluate efficiency. In this approach, efficiency scores are estimated in the first stage using DEA, and in the second stage they are predicted using NN. However, these models are not capable of predicting outputs, specifically increasing incremental outputs in a two-stage setting, because DEA has no generalized learning and prediction capability. This decreases their practical application [36] - [39] . Predictive analysis of a two-stage production process was introduced by Kwon and Lee [40] , but that is limited to the prediction of outputs by utilizing the predictive potential of NN. Indeed, there is no identification of determinants and there improvement using NN in the literature. Therefore, for practical research it is important to develop general models with the capabilities of identification of determinants and prediction. To the best of our knowledge, there is not a single approach that identifies and improves the determinants to enhance the overall efficiency of a DMU.
The exiting literature is unable to address the following problems. First, there is no approach that eliminates the conflicts in the intermediate layer. Second, DEA treats DMUs as a black box. Third, all the DEA studies are limited to efficiency prediction; there is no progressive direction of efficiency enhancement by enhancing the determinants, while this is a practical need of research. Hence, the present study introduces a novel and adaptive model by integrating a DEA with a Tobit regression model and NN for goal-oriented managerial decision -making for performance enhancement. Some studies have used DEA and NN jointly to explore the practical applicability, their major attempt was limited to efficiency prediction only at single stage [36] , [37] , [39] . The framework of this study is different from previous studies:the developed model identifies the transformation of inputs into outputs and their relationship with efficiency using Tobit regression model. Furthermore, it explores the predictive potential of the NN in estimating the determinants beyond efficiency, an alternative approach to performance enhancement. The use of NN eliminates the conflicts in the intermediate layer. As a test case, the proposed model enables prediction of improved determinants through predictive modeling. The developed model is applied to the dataset of commercial banks of Belt and Road countries grouped based on the Economist Intelligence Unit (EIU) banking sector risk rated for 2018. Each EIU group has a different number of banks. The results shows an efficiency enhancement of the inefficient banks in each group to benefit from the BRI. The remainder of this paper is organized as follows. Section 2 presents the formulated hypothesis. Section 3 dis-cusses the methodologies. Section 4 describes the proposed framework and methodologies. Section 5 explains the experiment results with a deep discussion. Finally, Section 6 presents conclusion.
II. DESCRIPTION OF METHODOLOGIES A. BRIEF OVERVIEW OF DEA
The key benefit of the DEA methodology is exclusion from the control of the functional form to see the production correlation between inputs and outputs. It does not require any assumption for the underlying distribution of the inefficiency term. The use of DEA is increasing in different industries, and it is becoming a trusted methodology for the evaluation of efficiency without assumption regarding the frontier form and inefficiency terms [41] - [43] . When evaluating DMUs with multiple inputs and outputs, the DEA models wrap extreme data points to symbolize efficient boundaries. DEA then calculates the distance of each DMU from its frontier, which represents its level of inefficiency. Therefore, DMUs, that are in the efficient frontier are assumed to be efficient and have an efficiency score of 1. A nonnegative fractional score is given to the remaining DMUs by considering s outputs by taking n DMUs with r inputs. The kth DMU's efficiency can be calculated by using the following formula:
The problem can be solved by transforming (1) into linear programming problem:
where y jk : quantity of jth output of kth DMU, x ik : quantity of ith input of kth DMU, o j : weight assigned to jth output, q i : weight assigned to ith input. The maximization of h k specifies the output orientation of the efficiency measurement. In this research study, we use the output oriented to focus on the maximization of the output.
B. BRIEF OVERVIEW OF TOBIT REGRESSION MODEL
The Tobit regression model [23] has been used repeatedly to evaluate the relationship between the external and contextual variables with efficiency scores by censoring [44] . The relationship between the variables is explained when the data is censored or truncated. A rule for using Tobit regression model was defined by McDonald [45] states, that if the dependent variable are continuous and discrete then the Tobit regression model can be used. The DEA scores have both these properties. By considering this rule we use the Tobit regression model in our study. The calculated efficiency scores in the first stage (h k ) will be validated by the independent variable (p k ) in the second step. A latent variable in the Tobit regression model can be calculated as follows:
h * k is the latent random variable and h k represents the dependent variable, which is the efficiency score calculated by DEA in the first stage. The independent variable is represented by p k and β t is unknown coefficient, which shows the relationship between the latent variable h * k and independent variable p k . In this study we have eight independent variables. k is a normally and independently distributed error term with zero mean and constant variance σ 2 . By using (3) the observed efficiency h k score can be defined in such way a that it is censored below 0 and above 1:
The MLP model is a kind of feed forward artificial, which uses supervised learning techniques. It has three layers: inputs, hidden and output. The quantity of neurons in the hidden layer defines the learning capacity of MLP networks [46] . In NN, several processing units of each units of layers are fully connected by weights to the preceding layer. The units belong to the nodes of the layer. To calculate lth neuron in a hidden layer we perform the following operations. We multiply all the inputs received from the neurons in the last layer with the corresponding weight connection to the lth node [47] . The output c l of lth neuron in a fixed hidden layer is defined as follows:
where f (·) represents the activation function, q is the number of neurons in the previous layer, mth node is the last layer u m , m = 1, . . . , q, is the activation input received from mth node in the last layer, w ml is the weight of the connection joining lth neuron in the fixed layer with mth neuron in the last layer, and b is the bias for the neuron.
III. HYPOTHESIS
The primary question to answer in this study is: ''Do Commercial Banks Benefited from the Belt and Road Initiative (BRI)?'' To address this question, we formulate the following hypothesis. The null hypothesis is:
There is no significant impact of the BRI on the commercial banks. The alternative hypothesis is:
There is a significant impact of the BRI on the commercial banks.
IV. DATA AND PROPOSED METHODOLOGY
A. DATA
The current study focuses on the BRI, which includes the majority of developing economies. We use the banks grouped by the Economist Intelligence Unit (EIU) banking sector risk rated 2018. The data are extracted directly from BankFocus website, a Moody's analytical company. To ensure the relative homogeneity, the population of banks is limited to country's public and private commercial banks, excluding specialized entities such as bank holdings and companies, central banks, finance companies, investment and trust corporations, investment banks, micro-financing institutions, asset management companies, savings banks, and specialized governmental credit institutions. In DEA models, the minimum number of DMUs decrease the discriminatory power of DEA. According to the rule proposed by Banker et al. [48] , the number of DMUs must be at least double the combined inputs and outputs. The data set contains six EIU rated groups, which include 1343 commercial banks of countries from BRI for the period of eight years from 2010 to 2017. The banks, which are not ranked, are named as ''Non-rated''. The other groups are named A, B, BB, BBB, and CCC. Table 1 shows the statistical summary of the data. The table shows the inputs which are represented by (I) and outputs which are represented by (O).
The inputs used in this study are assets, which represents total assets, equity, and expenses which represents total operating expenses. The outputs used are loans, deposits which includes deposits and short-term funding and net-income. All the inputs and output values are in thousand dollars. The rated groups are enlisted below with respective countries. 
B. PROPOSED FRAMEWORK
The proposed framework is presented in Fig. 1 . The framework contains multiple steps. In the first step data is preprocessed to remove noise because DEA gives the bad result with noisy data. During data preprocess the outliers and extreme values are removes. In the second step a separate DEA analysis conducted using BCC OO model for each EIU rated group for the period of eight-year from 2010 to 2017 independently to obtain efficiency scores. The belt and road activities were started in 2014, and we considered the four years from 2014 to 2017 as post belt and road period and 2010 to 2013 as pre belt and road period. In the third steop to see the impact of belt and road on commercial banks conduct a pre and post-test by using T-test. In the fourth step based on the T-test result rating groups are classified into two groups benefited and non-benefited. The benefited group data is used for training, and the non-benefited dataset is used for identifying determinants. In the fifth step Tobit regression model is used to to identify determinants. In the sixth step a NN model is developed and train it with the efficient DMUs dataset of the benefited group. In the seventh step the train model is applied on the non-benefited groups. This model improves the determinants of non-benefited groups, the improvement in the determinants of enhanced the overall efficiency.
C. DESIGN OF EMPIRICAL MODEL
The scope of this research is extended to estimate the performance of DMUs by identifying and improving the determinants, and not to only measuring efficiency levels as in conventional DEA approaches. The empirical process starts by applying a DEA model to measure the efficiency of DMUs; this resulting efficiency plays a key role in developing prediction modules. The efficiency scores are used as dependent variables in Tobit regression model to identify the determinants. An NN module is trained to learn the determinants improvement pattern of the DMUs under evaluation. In this scheme, the neural network model is designed to predict the incremental determinants as a function of desired efficiency and changing process. Doing so this study proposes an innovative approach for modeling and overcomes the limits of standalone DEA. A detailed illustration of the proposed empirical model is presented in Fig. 2 . The Model is based on the following steps. 1) Obtain the data and define the inputs and outputs, and preprocess the data by removing outliers and eliminate extreme values, since DEA is highly sensitive to outliers and yields bad results with noisy data. 2) Use a BCC OO model obtain the efficiency score for each rated group, which envelops a different frontier for each rated group for the period of eight years. 3) Conduct a pre and post-test to classify the rated groups into benefited and non-benefiting. 4) Identify the determinants of ''non-benefited'' group by using DEA as dependent variable in Tobit regression model. 5) Develop an NN for each determinants, and tuned it with the parameter presented in Table 6 and train it with the data of efficient DMUs of the benefiting group until it reached up to optimal level. 6) Apply the trained NN on the determinants to predict new determinants.
7) Update the dataset with new determinants and again asses the DEA efficiency scores. 8) A pre and post-test is conducted to classify the rated groups into benefiting and non-benefiting. 9) If the group is benefits from the BRI, then stop; otherwise, go to step 5.
V. EXPERIMENT RESULTS AND DISCUSSION

A. DEA RESULTS
Using the DEA model, we evaluate the efficiency of the commercial banks. The efficient banks for the entire period of (2010 -2017) for each EIU rated group are presented below. The statistical summary of DEA results is presented in Table 3 . The benchmark banks identified by DEA for each rated group is listed in the following paragraph. 1) Non-rated group: Table 2 , we can analyze that the average mean efficiency for pre period is 91.25% and the post period for is 91.75%. In Fig. 3 Table 2 , we can analyze that the average efficiency of group A for the pre period is 89% and that remain same in the post period. In Fig. 3 Table 2 , we can find out that the average efficiency for the per period is 79% and for the post period is 82.5%. In the Fig. 3 Table 2 , we can extract that the average efficiency is the same for the pre and post periods at 86.5%. In Fig. 3 Table 2 shows the efficiency change results. From these results we can calculate the mean efficiency of 90.75% for the pre period and 90.50% for the post period. The purple line in Fig. 3 represents the actual efficiency for the whole period. For this group, average efficiency decreased after the starting of BRI. 6) Rated Group CCC:
• Davr Bank Uzbekistan • Qishloq Qurilish Bank Uzbekistan From the result presented in Table 2 , we find a the means efficiency of 92.75% for the per period and 93.25% for the post period. The efficiency of this group is illustrated in Fig. 3 as a gray line. For this group the efficiency increased by 0.50% after the start of the BRI. 
B. IMPACT OF BRI ON COMMERCIAL BANKS
The commercial banks in the BRI operate under different regulations. The main objective of the BRI is to develop and connect the facilities to boost the economic activities in the regions. The BRI provides new business activities to China and participating countries. Commercial banks play vital a role in the economic development. They use efficient processes to allocate funds to the borrowers from savers. The specialized financial services offered by commercial banks are an additional role for the development of the economy. Through financial services, the banks develop a procedure to reduce the cost of loans and savings.
To see the impact of BRI on commercial banks, we test the hypothesis presented in Section III by conducting a pre-test and a post-test using a T-test. For the pre-test, we consider the dataset from 2010 to 2013, and for the post-test we consider the dataset from 2014 to 2017. The threshold fixed for this T-test is 0.05, If the p ≤ 0.05, then there is evidence that BRI has impact on commercial banks. If the p > 0.05, then there is no impact of the BRI on commercial banks. Based hypothesis we classify the rated groups into benefiting and non-benefiting. The results of the pre and post-test are presented in Table 3 , where N represents the number of banks in each rated group. Form the results H 0 is accepted for the group non-rated, group A, group BB, group BBB and group CCC. We reject the null hypothesis for the rated group B. Only group B is benefited from BRI. The rated group B includes commercial banks from Bahrain, Bangladesh, Bosnia and Herzegovina, Cambodia, Egypt, Kazakhstan, Myanmar, Pakistan, Qatar, Moldova, Russia and Vietnam. The average efficiency of the group B is improved from 79% to 84%. The data shows an increase in assets, equity, expenses, loans and deposits and a decrease in netincome. The ratio of increase in output is higher than the ratio of increase in inputs. The reason behind the increase in the assets, equity, loans and deposits is the participation of banks in the BRI activities and the continuous increase in the business.
C. IDENTIFICATION OF EFFICIENCY DETERMINANTS
In the literature, banking efficiency is treated as a function of external and internal determinants. The factors that are under the control of management, are considered as internal factors, such as, investment in subsidiaries, liquidity, loans, investment in securities, overheads and nonperforming loans. Profitability, money supply, savings, capital reserves, current account deposits, total capital and fixed deposits are also influencing factors of efficiency. Similarly, the factors beyond the management's control are considered as external determinants; these include market share, interest rates, market growth and inflation. A variety of such internal and external determinants are used in the banking sector as per their nature. The performance of the institution is effected by the change in credit risk, which is dependent on portfolio condition [49] . Poor asset quality is the most important cause of bank failure. Financial institutions always diversify their portfolios to reduce their risk. According to [50] , efficiency is highly sensitive to credit risk; however Altunbas et al. [51] disagree with this statement. In this study, we consider inputs and output, used in DEA, as internal factors, and GDP growth and inflation as external factors, as presented in Table 4 . Suppose that h k is the efficiency of a rated group, that is based on internal factors represented by I i.e. assets, equity, expenses, loans, deposits and net-income and external factors represented by E i.e. GDP growth and Inflation. The total efficiency of the rated group can be calculated using the following equation:
Equation (6) shows that, the change in the efficiency is the result of change in internal factors or change in external factors. Tobit regression model is used in this study to identify determinants of the efficiency. Using the variable form Table 4 basic Tobit regression model can be stated as the following equation: where, h * k represents the efficiency score used as dependent variable and inputs and output are internal independent variables and GDP growth rate and inflation are used and external independent variables. The determinants which are identified by using equation 7 are presented in Table 5 .
For efficiency enhancement we only consider the change in internal factors, because the decision makers have control on internal factors. While the change in external factors is neglected, because the they are not controlled by the decision makers from the commercial banks, which can be mathematically expressed as:
The determinants identified by using equation 7 for each year is listed by rating groups below.
1) Non Rated and loans, 2015 are expenses, deposits and netincome, for year 2016 are loans, and for 2017 are total assets, expenses and loans. The results show that for each rated group the determinants for each year are different. This means that inputs or outputs influence the efficiency. For some rated groups for a specific year there is no internal factor for a specific year i.e. for that specific time, efficiency is influenced by external factor. The identified determinants are presented in Table 5 .
D. IMPROVEMENT IN DETERMINANTS USING NN
Inefficient DMUs can improve their performance by adopting the properties of efficient determinants in their reference set. Efficiency is directly related to the cost, a slight improvement in efficiency is means huge saving in cost. The efficiency of each rated group can be increased by improving the determinants identified in Table 5 . We design an independent NN model to improve each determinant identified in Table 6 by training the same variable's dataset of the the benefiting of the same year. For improvement in efficiency we use the following algorithm.
1) ALGORITHM
This study uses the data set of the rated group B for training.
• Select the specific determinant of the specific year for improvement.
• Select the same variable dataset of the benefiting group and classify based on the efficiency scores classify DMUs into four groups: (1≥ G1 < 0.9), (0.9 ≤ G2 > 0.8), (0.8 ≥ G3 > 0.7) and (G4 < 0.7).
• Select the efficient groups G1 U G2 U G3 and name them dataset E.
• For training select the same variable as identified determinant as target and all other variables as inputs for training.
• Train NN with 'dataset E selecting option k-10 fold by considering the target values as determinant.
• Tuned the NN by adjusting the hidden layers, perceptions in hidden layers, learning rate, movement, and epochs until its correlation coefficient reaches up to 90%
• Supply the determinant selected for training and reevaluate the configuration of the model.
2) NN DESIGN AND DATASET SELECTION
The design elements of NN models determine their performance, including network structure, transfer function, learning algorithm, and quality and quantity of datasets. The network structure consists of the quantity of hidden layers and the number of neurons in each layer. There is no specific rule to select the well-performing model, which makes the selection of a model more complicated. The only way is to use a certain level of experimentation. We use Weka 3.8 to perform the experiment considering the network parameters defined in Table 6 .
3) NETWORK STRUCTURE AND LEARNING
The network recognizes the best quantity of neurons during the training process by adding neurons and testing the network in every cycle until it finds further improvement. The quality of the hidden layer is already defined before the training. The selection of the hidden layer in the nonlinear pattern learning application is not based on the requirement of the model. They are estimated by considering a specific quantity/number of neurons to adequately capture complex patterns of current data. The software also allows the definition of learning rules, the transformation of inputs, and other required parameters. We use a gradient-descent rule for learning to manage weights, and select sigmoid functions as an activation function. For each model, the minimum correlation coefficient is considered above 90%. The parameters, adjusted to improve the prediction, are presented in Table 6 . An independent NN model is developed to improve each determinant, as presented in Table 5 . Once the determinants are improved, DEA is used as a post process to evaluate efficiency.
4) DATA SET SELECTION
This study includes the dataset of the rated group B with 426 DMUs for eight years from 2010 to 2018. We use 10-fold cross validation for the practical training and validation of the model. The reason we use cross-validation is to develop the model more generally by estimating its projected level of fit for the new dataset, rather than the dataset used for training. The trained NN model is used for the prediction of outputs by testing data.
5) QUALITY AND QUANTITY OF THE DATA
For the generalization of NN large data sets are required. In the literature, there is no limit to the size of data sets for NN. Kwon [52] presents the research that uses small data sets to develop models with the integration of DEA and NN models. Our objective of improve efficiency is being achieved by improving the determinants. This is achieved when the NN model is trained by the determinants of the efficient DMUs or DMUs that are close to the efficient DMUs. According to a rule, defined and implemented by Wu et al. [39] and Troutt et al. [53] , the training sets must contains 10 times the quantity of inputs and outputs for nonparametric modeling. For NN, we use six inputs and one output, to follow the rule we need 70 examples of training to develop a reasonable learning of weight connection. However, the total number of efficient units in the group B for each year is different and none of the years has 70 efficient banks.
To overcome this problem, we use a grouping technique for the approximately pre-specified cut efficiency threshold value of 0.90, 0.80 and 0.70. The purpose of the grouping technique is to have enough DMUs in efficient groups.
E. HOW TO BENEFIT FROM THE BRI
Efficient commercial banks provide financial services to the general public and companies, safeguarding social stability, economic growth and sustainable economy more efficiently. Commercial banks benefit from by BRI by increasing efficiency. We apply our model to the data set and obtain the result that commercial banks benefit from the BRI by improving their efficiencies. The summary statistics of enhanced efficiency for each EIU rated group is presented in Table 7 .
The actual and enhanced efficiency trend lines is presented in Fig. 4 show that for each rated group there is an increase in efficiency after year 2014. This means that after implementing the model on the data sets of each rated group enhanced their efficiency. 1) Non-rate: Table 7 shows the average enhanced efficiency for this group. In Fig. 4 (a) the red line shows the actual efficiency of this group, while the blue line shows that enhance efficiency after the implementation of our developed model the average efficiency is enhanced upt 2%. 2) Group A: Table 7 show the results of enhanced efficiency. In Fig. 4 (b) the blue line shows the efficiency of group A. After the implementation of our model the average efficiency increased by 2.25%. 3) Group B: The enhanced efficiency is presented in Table 7 . In the Fig. 4 (c) the red line shows the enhanced efficiency for this group. This group dataset was used for training, we did not implement our developed mode on it. 4) Group BB: The result presented in Table 7 shows the results of enhanced efficiency after the implementation of our proposed model. In Fig. 4(d) the enhanced efficiency is illustrated with the blue line, which shows an increase of 1.25% for this group. 5) Group BBB: The mean of enhanced efficiency is presented in Table 7 . In Fig. 4 (e) the blue line represents the enhanced efficiency for the whole period. For this group, efficiency increased by 1.25% after the implementation of our developed model. 6) Group CCC: Table 7 . presents the results of enhanced efficiency. In Fig. 4 (f) the blue line shows the enhanced VOLUME 7, 2019 efficiency resulting from the improvement made by our developed model. For this group the efficiency increased by 1.75%. To see the impact of the BRI on commercial banks after the efficiency enhancement by improving determinants we conduct a pre-test and a post-test using a T-test again to validate the hypothesis presented at Section III. For the pretest we consider the dataset from 2010 to 2013 and for the post-test we consider the enhanced efficiency scores year from 2014 to 2017. The threshold fixed for this T-test is 0.05, If the p ≤ 0.05 then there is evidence that the BRI has impact on commercial banks. If the p > 0.05, then there is no impact of belt and road on commercial banks. The result is presented in Table 8 , which shows that for all rated groups the p-value is 0.00. The values are less than the defined threshold, so we round values are presented in When the developed model is implemented, it makes all the rated groups benefited from the BRI by enhancing their efficiencies. This is done by improving the determinants. This model also helps provide the following guidelines for the decision makers to improve the efficiency of commercial banks to get benefit from the BRI. Fist, it identifies the determinants that help to improve efficiency. Second, it shows much the determinant need to improve to enhance its efficiency and third, how much efficiency a DMU required to get benefit from the BRI. The developed model first classifies the benefiting and non-benefiting groups. then, it identifies the determinants for the benefiting group and uses the predictive potential of NN to improve the determinants, which helps the groups to improve their efficiencies and benefit.
VI. CONCLUSION
The primary purpose of this work was to develop an innovative model for incremental performance prediction by changing its determinants. This was done by considering the internal structure and defining the relationship between inputs and outputs with efficiency to overcome the black box problem and eliminate the conflicts in the intermediate layer. DEA studies are limited to efficiency prediction: there is no progressive direction of efficiency enhancement by enhancing the determinants, while this is a practical need of research. The present study was designed to introduce a novel and adaptive model by integrating an NN, Tobit-regression model, and DEA for goal-oriented managerial decision making for performance enhancement. DEA was used in the first stage to evaluate the performance of banks from the countries involved in the BRI and divided by EIU rated into six groups: non-rated group, group A, group B, group BB, group BBB, and group CCC. The pre-test and post-test showed that only rated group B benefited from the BRI. The developed model also identified the benchmark for commercial banks to benefit from the BRI. The determinants of the efficiency of the non-benefiting group of banks were detected using the Tobit regression model in the second stage. In the third stage, NN was used to train the dataset in the convex linear combinations of the efficient DMUs of the dataset of group B, which benefited from the BRI. The trained model was applied to the dataset of the non-benefiting group with enhanced determinants. The results enhanced the efficiency of the banks in this group to benefit from the BRI.
The model produces an improved result with the current data, and the hybrid model can also be extended with an alternate neural networks, such as probabilistic NN and deep NN to explore a more efficient performance prediction model. 
